Abstract: Displacement and deformation are fundamental measures of Earth surface mass movements such as glacier flow, rockglacier creep and rockslides. Ground-based methods of monitoring such mass movements can be costly, time consuming and limited in spatial and temporal coverage. Remote sensing techniques, here matching of repeat optical images, are increasingly used to obtain displacement and deformation fields. Strain rates are usually computed in a post-processing step based on the gradients of the measured velocity field. This study explores the potential of automatically and directly computing velocity, rotation and strain rates on Earth surface mass movements simultaneously from the matching positions and the parameters of the geometric transformation models using the least squares matching (LSM) approach. The procedures are exemplified using bi-temporal high resolution satellite and aerial images of glacier flow, rockglacier creep and land sliding. The results show that LSM matches the images and computes longitudinal strain rates, transverse strain rates and shear strain rates reliably with mean absolute deviations in the order of 10 −4 (one level of significance below the measured values) as evaluated on stable grounds. The LSM also improves the accuracy of displacement estimation of the pixel-precision normalized cross-correlation by over 90% under ideal (simulated) circumstances and by about 25% for real multi-temporal images of mass movements.
Introduction
Remote sensing is highly suited for slope monitoring in inaccessible areas such as high mountains and cold regions where mass movement processes such as glacier flow, permafrost creep and rock sliding are common. Repeat optical image matching is used to compute displacements on slope movements within the temporal baseline of the images' acquisitions [1] [2] [3] [4] [5] [6] . The most commonly used group of image matching methods, for that purpose, are area-based methods, where intensities of image patches (hereafter referred to as templates), usually of square shape and pre-defined size, are matched using a chosen similarity measure. The template within the search image that maximizes similarity or minimizes dissimilarity (depending on the statistic) with the reference template is considered the most likely match [7] . The Euclidean distance between the positions of the reference and the matching templates quantifies displacement, specifically the horizontal displacement component if orthorectified image data are used. The displacement gradient between neighboring templates defines the strain [8, 9] . Although there is a range of possible similarity measures [7, 10] , the normalized cross-correlation (NCC) is the most widely used due to the normalization that makes it insensitive to differences in brightness and contrast [11] .
The NCC, and other similarity measures, is subject to a number of shortcomings: (1) The NCC is only reliable in cases where the template is not significantly deformed, but only shifted in position. (2) The precision with which the matching position is located is limited to the pixel size unless sub-pixel precision procedures [12] are applied. (3) Radiometric differences are not accounted for except normalizing (i.e., a radiometric offset and gain). Thus, the images are matched with a lower precision and accuracy than theoretically possible. In response to these shortcomings least squares matching (LSM) was designed [13] . Instead of assuming exact shape and size of the matching templates, LSM models both geometric and radiometric distortions. The model parameters are determined iteratively using least squares adjustment. The LSM has no limitation of precision as the location of the matches can theoretically be determined at any sub-pixel precision.
Matching of orthorectified and co-registered bi/multi-temporal images of the Earth surface can be thought of as looking to the changing object from a fixed camera multiple times with small (or absent) spatial baselines and dominant temporal baselines. The spatial transformation models are in this case used to model the distortion of the mass, not the perspective one as done in multi-angular parallax matching [14] . The models can thus be used to directly compute intra-template deformation parameters such as normal strain rates, shear strain rates and rotation. The computation of displacement using LSM by itself leads to improved precision of the computed strain even when strain rates are computed in a separate step, after the matching, from displacement gradients as is conventional practice. The fact that the LSM is able to model the template's geometric deformation has also the advantage that larger template sizes with higher signal-to-noise ratios (SNR) can be used for the matching as the intra-template deformation, which normally limits the template size, is accounted for.
There is limited application of this powerful image matching approach in mass movement analysis [15] [16] [17] . The algorithm has not yet been tested, evaluated and compared on different types of mass movement and imagery. The possibility of computing deformation parameters directly from the spatial transformation model is little explored. The study presented here implements the LSM with the affine transformation model on three different types of mass movements and evaluates its performances in displacement measurement compared to that of the NCC. The procedures with which deformation parameters such as longitudinal strain rate, transverse strain rate, shear strain rate and rotation rate are automatically computed during the matching are implemented and evaluated. The mass movements investigated are glacier flow, rockglacier creep and land sliding at high mountain sites in Europe.
The Least Squares Matching Algorithm and Its Significance in Mass Movement Analysis

The Least Squares Matching Algorithm
The LSM algorithm works based on the L2-norm theorem to determine the best matching position by adjusting the geometry and radiometry of the matching templates so that the sum of squares of the gray-value differences (SSD) between the two templates is minimized [13, 18, 19] . Assume a discrete two dimensional function F(x, y) represents intensity data of a subset of an image taken over a certain area at a time t 1 . G(x', y') represents intensity data of a subset of another image taken over the same area at some other time t 2 . In principle, if the two subsets (templates) match, the two functions will be equal. However, due to the likely presence of noises in both images, random noise (e) is added (Equation (1)). In an ideal situation e or its expectation equals zero. In the displacement measurement of Earth surface mass movements, the two images are often taken with long temporal baselines. Consequently, systematic radiometric changes can exist due to various factors such as changes in surface condition, illumination, noise, imaging condition and geometric distortions. It is often assumed that the systematic radiometric differences can be accounted for by gain (λ) and offset (η) parameters as in Equation (2) .
A moving slope, here represented by an image template, may also change geometrically. A geometric transformation model, characterized by parameters p 1 to p n , relates the pixels of the reference template to those of the search template for each dimension, as shown for the affine model in Equations (3) and (4) . The relationship between the two intensity data will consequently incorporate the parameters of the model (Equation (5)). This relationship can be linearized using Taylor-series expansion and rewritten in matrix form as in Equation (6) . Here, v is the residual, A are the differential quotations computed from the gray-value gradients, l is the difference between the gray-values of the matching templates, and dp is an element of the adjustments (dp 1 ,…, dp n , dλ, dη) to the initial parameter values that assume the same size, shape and orientation. The solution for dp is then computed using Equation (7) . The process is iterated until the computed dp converges close to zero. LSM is an unbiased minimum variance estimator with the variance computed as in Equation (8) where RC is the total number of observations (pixels in the template) and n is the number of model parameters. Further details of the LSM algorithm are given in [18, 20, 21] .
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The Least Squares Matching in Mass Movement Analysis
LSM, as a precise matching algorithm, is expected to produce precise velocity for each pixel of the template. This gives the advantage that velocity gradients, i.e., strain rates, can be computed at sub-template level, even if computed after the matching. Additionally, the spatial transformation parameters (p i ) are measures of the geometric deformation of the masses between the acquisition times of the two images. The specific meanings of each of the spatial transformation parameter in mass movements are presented in Table 1 together with a sketch of the geometric changes represented. The spatial transformation parameters can be exploited to automatically compute strain rates simultaneous with the matching as outlined below. The slippage of orthogonal masses in relation to one another (and/or rigid rotation of the mass). Measures shear strain and/or rotation angle. Figure 1 reduces the reality of Earth surface mass movements to the square template depicted, which has unit sizes in both dimensions (denoted as l xo and l yo respectively). The unit lengths can also be thought of as diameters (2r) of a circle as shown in the figure. After deformation, the template moves to a new location, attains new sizes (l xi and l yi ) and gets rotated and/or sheared by angles γ 1 and γ 2 to a new shape. The circle now becomes an ellipse with maximum extension and compression shown orthogonal to each other (dashed axes of the ellipse). The orientation of the ellipse is not necessarily along the movement direction due to shearing and rotation. Notice that the central pixel itself is also deformed and displaced from the center. The Euclidian distance between B and B' (parallel to the longitudinal direction) is the horizontal displacement magnitude while ω is the angular displacement direction measured clockwise from the north. The change in size can be quantified using extension ratios (S x and S y ) as in Equations (9) and (10) . S x and S y are the same as the scaling factors p 2 and p 6 of Table 1 . The corresponding normal strains (ε x and ε y ) and their relations with the scaling factors are given in Equations (11) and (12), adapted from [22, 23] . Scaling factors greater than 1 (i.e., ε x and ε y values greater than 0) imply extension, where as scaling factors less than 1 (i.e., ε x and ε y values less than 0) imply compression.
The tangent of the shearing angle or the angle in radians (as the angles are often very small) for each direction is the same as the shearing factors (p 3 and p 5 ) of the transformation models. Shear results in both shearing and rotation. Thus, shear strain (γ xy ) and rotation angle (φ xy ) are derived from the shearing angles as given in Equations (13) and (14) respectively [24] . Strain is better expressed in terms of strain rate ( i ) which is strain per unit time (Equation (15)). The strain rates in this study are expressed in the time unit that is covered by the dataset in order to avoid extrapolating to time periods not supported by data. S
The horizontal length of the ground surface plane changes when there is compression or extension. As ice is incompressible, and thus also to a large extent masses that are super-saturated with ice, horizontal compression is usually balanced by vertical extension or vice versa [25] , making the total sum of the horizontal and vertical strain rates equal to zero. Compressive/extending motion is well discussed for glaciers [24, 26, 27] and rockglaciers [25, 28, 29] . In all cases, longitudinal (i.e., along the flow direction) and transverse (i.e., across flow direction) extension and compression are mentioned to lead to such processes as the formation of crevasses, calving and surface micro-topography. Shearing may lead to cracking of the masses and eventually collapses.
In this study, the radiometric parameters are not used further than estimation of the matching position although it can potentially be used in estimation of surface albedo changes. 
Methods
Image Datasets
In this study, the computations were conducted on three real mass movement image pairs and two pairs of simulated deformed images. The first bi-temporal set of images ( Figure 2 ) was taken over a rockglacier in the Muragl valley of the Upper Engadine area in the Swiss Alps (approx. 9.92°E, 46.50°N). The orthoimages used in the present study were based on aerial images taken on 7 September 1981 and 23 August 1994 with 13 years of temporal baseline and 0.2 m of spatial resolution. The Muragl rockglacier has been under investigation for decades using technologies such as photogrammetry, geodesy and geophysics to understand its mechanics [30, 31] .
The second image pair is a section from panchromatic aerial images over the Nigardsbreen glacier in Southern Norway (approx. 61.68°N, 7.20°E). The images were acquired on 19 and 29 August 2001 within the EU Glaciorisk project (Figure 3 ). The images were orthorectified using photogrammetric stereo pairs and automatic DEM extraction of the two dates. The ground resolution of the orthoimages is 0.3 m. Surface changes within the very short time period of 10 days were very small, besides glacier flow. Additional details on the images and on their glaciological analysis can be found in [32] . The third bi-temporal image set ( Figure 4 ) is from panchromatic images taken by the high spatial resolution QuickBird satellite over the La Clapière landslide (approx. 44.25°N, 6.94°E,) in the French Alps near the town of Saint-Etienne-de-Tinée. The first image was taken on 6 September 2003 with a mean in-track view angle of −0.5° and a mean cross-track off-nadir view angle of 9°; whereas, the second image was taken on 27 September 2010 with a mean in-track view angle of −0.4° and a mean cross-track off-nadir view angle of 4.2°. The ground pixel size of the images is 0.6 m. The images were orthorectified in PCI-Geomatica using the SRTM DEM and GCPs collected from stable areas based on the French 3D web service (www.geoportail.fr). As the orthorectification based on this base-map could not result in accurate co-registration, subsequent co-registration using polynomial transformation model was performed using precise GCPs collected from outside the landslide area. Finally, a mean co-registration error of about 1.2 m (2 pixels) is recorded from the horizontal shifts outside the landslide area. The La Clapière landslide has been intensively investigated over the years using different techniques [3, [33] [34] [35] .
A simulated image pair was created by analytically deforming a section of the Nigardsbreen aerial photographic image by using an affine geometric model. Gaussian noise of mean zero and variance (σ 2 n ) 0.01 was added. Another simulated image pair was created by using the same deformation model but adding a higher level of noise, σ 2 n of 0.1. The two simulated deformation image pairs are used for the evaluation of the algorithm as the actual displacements and transformation parameter values are precisely known for these images, in contrast to the real mass movement images. 
Image Matching
Estimation of Initial Parameters
Considering older images as reference and newer images as search images, the images are first matched using the pixel-precision NCC algorithm to estimate the initial model parameters for the least squares adjustment. Initially, the matching templates are assumed to have the same geometry (except position). Therefore, for each dimension a unit geometric and radiometric scaling factor is used keeping the other parameters at zero. The least squares iteration starts by using these initial values. Template sizes of 51 by 51 pixels are used for the matching. Smaller template sizes were not used to suppress noises and avoid ambiguity. As LSM is applied in a later step, the presence of displacement gradients in such large templates is not of concern, or even desired as we aim at deformation measurement in addition to displacement. In fact, as the images are of high resolution, the templates are not large in ground size, i.e., 10.2 m, 15.3 m and 30.6 m for the rockglacier, glacier and landslide images respectively. The search distance is decided based on the expected maximum displacement in each of the image pairs.
Least Squares Iteration
LSM is implemented using the affine transformation model following the procedures explained in Section 2.1. The gradients are computed from the matching template, not from the reference template. Intensity values at sub-pixel positions are interpolated using the cubic convolution [36] as it is the closest to the sinc interpolation, which is considered the most accurate in image interpolation [37] . The limit for the convergence of the parameters except the translation of the gray-values is set to 10 −4 for the glacier and the rockglacier, but 10 −3 for the landslide due to the presence of more noise resulting from the vegetation cover and orthoprojection errors. The maximum number of iterations is set to 30 for cases where the parameters do not converge faster. In all cases, when the number of iteration reaches 30 the values of each adjustment should be less than 10 −1 . After the convergence, the cross-correlation coefficient between the two matching templates should be greater than that of the initial. The SSD between the two templates should now be below that of the initial. Otherwise, the template is considered incorrectly converging, i.e., a mismatch, and excluded from the further analysis.
Computation of Displacement and Deformation
Horizontal Surface Displacement
After the parameters have converged, the horizontal surface displacement of each pixel is computed separately as Euclidian distance between the pixels' positions in the reference and the matching templates. Velocity is then computed as the displacement divided by the temporal baseline of the image pair. The movement direction is computed as the arctangent of the ratio of the displacements of the easting and northing directions in angles from the north. For later comparison, the displacements for each mass movement are also registered for the pixel-precision NCC. The mean and standard deviation of the velocities are computed. The standard deviation is computed as the square root of the sum of square differences between individual values and the mean divided by the total number of observations.
Surface Strain and Rotation Rates
The transformation parameters are computed for the X (easting) and Y (northing) directions of the image. However, strains of Earth surface masses have plausible meaning when computed along (longitudinal) and across (transverse) the displacement direction. Therefore, the parameters computed for the easting and northing of the images are transformed to the longitudinal (L) and transverse (T) parameters (Figure 1) . First, however, the coefficients of the spatial transformation models are converted to strain parameters as explained in Section 2.2. As the parameters are measures of components of the strain tensor, we use strain transformation equations [22] [23] [24] . The strain parameters are thus transformed to the axis along the displacement direction (L), i.e., θ degrees from the X-axis, and across the displacement direction (T), i.e., θ degrees from the Y-axis. ε x, ε y and γ xy are then used to compute ε L (longitudinal strain), ε T (transverse strain) and γ TL (shear strain) as in Equations 16-18 respectively. The computations are included in the MATLAB code that is used for the matching to automatically compute the strain rates and rotation angles in addition to the displacement. For the glacier and rockglacier, the negative values of the sums of the longitudinal and transverse strain rates are computed to estimate the vertical strain rate (Equation (19)) as both masses are assumed to be incompressible. All of the results are then mapped for visualization and interpretation.
ε L ε cos θ ε sin θ γ sinθcosθ (16)
Performance Evaluation
The precision of the LSM algorithm in matching and computation of displacement and strains are evaluated using error propagation principles [18, 38] . The precision of the estimated parameters can be expressed by the covariance matrix (Equation (20)). However for the precision of the matching, Gruen [18] suggests the use of the standard deviation of the shift parameters alone (K p1 and K p4 ) as they determine how precise the matching position is (Equation (21)). Precision measures based on the covariance matrix are however known to be optimistic due to the high data redundancy [16, 18] .
Accuracy (validity) assessment of the measurements such as displacement and strain rates is conducted on stable grounds and simulated deformation images. The stable grounds are expected to have zero values for the displacement, strain rates and rotation. Simulated deformed images have known displacement and deformation parameter values. The mean absolute deviation (MAD) between the actual and the computed values is used for the evaluation. Stable grounds are, however, not a complete representation for the mass movements as one source of error, which is the deformation, does strictly speaking not exist on the stable ground. Thus, to compare the performance of the algorithm over the moving masses to that of the NCC, the SNR of reconstructing the reference image from the search image is computed as detailed in [39] , assuming that accurate matching leads to accurate reconstruction. The SNR is computed as the ratio between the correlation coefficient (ρ) and 1 − ρ. The relative gain of the SNR is used as a measure of relative performance.
Results
Horizontal Surface Displacements
The horizontal surface velocity statistics of the three mass movements investigated is presented in Table 2 to give an overview of the mean, standard deviation (variation of the magnitudes) and the maximum values of the horizontal surface velocities of the mass movements. The velocities of the rockglacier and the landslide are in the range of (tens of) centimeters per year while that of the glacier is in the range of centimeters per day or meters per year (ma −1 ). In the 
The velocity magnitude map of the Muragl rockglacier computed using the LSM is presented in Figure 5 (a) with the velocity vectors overlaid. The tongue-like shape of the rockglacier also manifests in its velocity distribution creating a similar pattern. The mean velocity of the rockglacier is computed to be 0.18 ma −1 , with the maximum reaching up to 0.50 ma −1 . The area with highest speeds in the middle of the rockglacier causes considerable velocity gradients. Upstream of this area velocity increases significantly while velocity decreases downstream along the creep direction. The smooth transitions in the velocity field instead of stepwise ones are ascribed to the capability of the LSM to detect and estimate intra-template displacement variation unlike the constant displacement assumed for each template by the NCC-based matching, for instance. The displacement voids in the figure indicate templates that failed to converge during the LSM iteration. Figure 5 (b) presents the spatial variation of velocity on the Nigardsbreen glacier computed using the LSM with the velocity vectors overlaid. The glacier velocity is high in the center decreasing towards the boundaries. The velocity vectors show a coherent field of flow directions.
The velocity magnitude map of the La Clapière landslide is presented in Figure 5 (c) together with the velocity vectors. The upper part of the landslide moves faster than the lower. The recently detached part on the upper left part is also moving with high velocity. The reliability of matches in this area is, however, questionable as it is close to the head scarp of the landslide where significant surface changes are likely to lead to mismatching. The velocity vectors show that the major part of the landslide moves towards the south-west with its lower part turning slightly to the south-east direction. Table 3 presents the precision of the shift parameters of the three mass movements averaged over all templates. The highest precision is recorded for the Muragl rockglacier image while the lowest is recorded for the La Clapière landslide. The mean precision ranges between about 1/20th of a pixel (Muragl) to 1/6th of a pixel (La Clapière). These values show the power of LSM in locating the matching positions under different radiometric and geometric distortions. After consultation of their histograms, templates with precision of the shift parameters over 0.2 were removed from the analyses. The accuracy (validity) is however dependent on the precision of the precision of the orthorectification and co-registration of the images, deformation of the templates, and noise. Stable grounds and simulated deformation images are used to evaluate the validity of the LSM and the NCC algorithms. Table 3 . Mean precision of the shift parameters for the three bi-temporal mass movement image pairs.
Precision and Validity of the Displacement Data
Image Pair
Mean Precision of the Shift Parameters (Pixels)
Muragl rockglacier creep 0.07 0.06
Nigardsbreen glacier flow 0.11 0.12 La Clapière landslide 0.13 0.15 Table 4 presents the mean absolute deviation (MAD) between the measured displacement and the expected displacement for the simulated images and the stable grounds of real mass movements. For the simulated image with low noise variance, about 90% reduction in MAD by the LSM compared to that of the pixel-precision NCC is obtained. However, when σ 2 n is raised to 0.1, the reduction in the MAD by the LSM from that of the NCC is only 52%. When the noise level (σ 2 n ) increased ten-fold, the error in the estimated displacement increases five-fold for the LSM and only 10% for the NCC. We do not investigate further at this point how far this trend is a general one for LSM applied to noisy images. However, the finding supports the widely known general robustness of the NCC algorithm with regard to noise. The reduction in the MAD of displacement error on the stable grounds of the real mass movements is also presented. As the table shows, the MAD is the lowest for the glacier (due to precise orthorectification and co-registration of the images) and the highest for the landslide. The percentage of the error (MAD) of the NCC reduced by the use of LSM is the highest in the Muragl rockglacier case followed by the glacier and the landslide respectively. As stated above, the SNR of reconstructing the reference image of t 1 from the deformed image of t 2 is also computed over the mass movements. For the analytically deformed image pairs, the relative gain in the SNR of the LSM in relation to that of the NCC is close to 100% (double) in the case where the noise standard deviation is 0.01 and 47% where it is 0.1. For the real mass movement images, around 25% gain in SNR of matching is obtained by using the LSM compared to that of the NCC. The LSM algorithm again makes the best improvement on the Muragl rockglacier. The expectation is that this improvement in the SNR of the image reconstruction translates to improvements in the precision of the estimated displacements (and thus velocities). For the analytically deformed images, the gain in the SNR is comparable to the reduction in MAD of the estimated velocities. The improvements in the SNR for the real mass movements are also comparable to the reductions in the MAD of the velocities on stable ground except for the La Clapière landslide. The general trend of agreement between the SNR gain and the reduction in MAD of displacement shows some important points. (1) The LSM performs clearly better than the NCC. (2) The SNR gain of image reconstruction is directly related to the precision of the displacement estimation. (3) Increased noise level reduces the performance of the LSM, which strongly indicates that the LSM is more sensitive to noise than NCC.
Surface Strain and Rotation Rates
The Muragl Rockglacier
The deformation parameters investigated in this study are the longitudinal strain rate ( ), the transverse strain rate ( ), the shear strain rate ( ) and the rotation rate ( ). The results for the Muragl rockglacier are presented in Figures 6 and 7 . Summary statistics for the computed deformation parameters are given in Table 5 . The statistics of the data shows that 96% of the creeping rockglacier has between −0.0034 a −1 and 0.0037 a −1 with a mean of 0.00012 a −1 . Regions of extending deformation (the hollow circles of Figure 6 (a)) are regions where the velocity increased considerably over short distance. Areas of compressive movement (black circles in the figure) are characterized by decreasing speed along the creep direction. One region stands out for its high compression in the longitudinal direction. This region is located immediately downstream of the high velocity region shown in the velocity map ( Figure 5(a) ). The rest of the rockglacier is characterized by steady creep with very limited velocity gradients. The map (Figure 6(b) ) shows that the rockglacier is compressed where velocity decreases across the flow direction and extended where velocity increases across the flow direction obeying a similar rule as . The figure shows that the rockglacier is mainly extended in the transverse direction. The extension is more pronounced in areas where longitudinal compression is recorded. In contrast to the , the upper (northern) side of the tongue-like shape of the rockglacier is mainly compressed in transverse direction, while the lower boundaries are mainly extended. Figure 7 . The negative sum of the horizontal strain rates (assumed to be equal to the vertical strain rate for an incompressible medium) for the Muragl rockglacier. The horizontal compression and extension are compensated for by the vertical extension and compression respectively as the rockglacier can roughly be assumed to be incompressible due to its substantial ice content. This means the negative sum of the horizontal strain rates presented in Figure 7 is assumed to be equal to the vertical strain rate. The upstream part of the rockglacier and its margin at the tip of the tongue-like shape are dominated by vertical compression, which would in practice lead to dynamic thinning of the body. This is indicative of net material drainage from that zone into the lower one. The downstream part of the rockglacier is dominated by vertical extension (hollow circles of the figure) or horizontal compression indicating net influx of material, and expected dynamic thickening. However, erosion of materials, vertical compression, at the tip of the tongue-shaped rockglacier is clearly marked by the dark circles of Figure 7 .
The of the Muragl rockglacier ( Figure 6 (c)) demonstrates high shear strain rate associated with the boundaries of significant change in velocity (speed or direction) as can be observed from the regions of the figure where black circles dominate. The significant change in flow direction and speed seems to have created such significant shearing. The mean is 0.0015 a −1 , which means 1.5 mm of shearing in a 1 m horizontal distance over a one year period. However, this parameter value can in places reach up to 1 cm (Figure 6 (c) and Table 5 ). 
The Nigardsbreen Glacier
Summary statistics of the computed deformation parameters for the Nigardsbreen glacier (maps not shown here) are given in Table 6 . The statistics here include stable ground which has deformation parameter values close to zero. Recalling that ice is not compressible, the negative of the sum of the longitudinal and the transverse strain rates is computed for the Nigardsbreen and presented in Figure 8 . A major part of the glacier section registered total horizontal compression (vertical extension), i.e., dynamic thickening of the glacier. The stable ground (upper right) is unstrained and thus has vertical strain rates close to zero. The boundaries with the stable ground are compressed in transverse direction which is not compensated with longitudinal extension. Therefore, it is vertically extended or thickens dynamically; so are all the areas shown in hollow circles. The areas covered by the dark circles are areas where the glacier has shown horizontal extension. As stated above, vertically extended areas indicate dynamic mass gain while vertically compressed areas indicate dynamic mass loss. Notice that the data voids in the figure are results of thresholding the precision of the shift parameters at 0.2. Figure 8 . The negative sum of the horizontal strain rates (assumed to be equal to the vertical strain rate) of the Nigardsbreen glacier.
The La Clapière Landslide
The computed , , , and rotation rate for the La Clapière landslide are presented in Figure 9 (a-d) respectively. Summary statistics of the deformation parameters for the landslide are presented in Table 7 . Recall that the images have poor orthorectification quality and the ground undergoes considerable surface changes in seven years due to the vegetation cover. Therefore, the deformations quantified are not necessarily the ground deformation alone. Nonetheless, longitudinally the landslide is mainly extended with few zones of compression (Figure 9(a) ). As expected, the lower part of the landslide is longitudinally compressed. There are some interesting regions where significant transverse compression is observed (Figure 9(b) ). These areas are where the masses converge from two directions leading to compression or net influx of masses. There are three channel-like compression regions as can be observed from the maps of the . These patterns however do not have corresponding ground structures. The mass is a porous medium that can change density under stress. Therefore, the principle that holds for glacier and roughly for rockglaciers that compression in one dimension leads to extension in the other dimension does not necessarily hold for such porous landslides. Computing the negative sum of the horizontal strain rates thus does not produce a meaningful parameter.
When it comes to the surface shear strain rate ( Figure 9 (c)), it is only the north-west and western part of the landslide that is highly sheared. The northwestern part of the landslide cracked from the stable ground recently and seems to be actively shearing. The same regions show high rotation rate (Figure 9(d) ). The major part of the landslide seems to be extended both longitudinally and transverse with limited shearing and rotation. Apart from the northern part, the high rotation areas are the foot of the landslide where the materials rotate towards south-east after reaching the foot. 
Precision and Validity of the Deformation Data
Error propagation using the covariance matrix of the geometric parameters of the affine transformation model (Kp i ) shows high precision (Table 8 ). The parameters are related directly to the strains as shown in the bracket. The mean absolute value of the estimated parameters is given in the parenthesis for overview of the relative magnitude of the precisions. The uncertainty is therefore less than 10% of the estimated parameter values, i.e., at least one order of magnitude lower. The scaling parameters are relatively more precise than the shearing parameters. Table 8 . Precision of the geometric (shape and size) parameters of the spatial transformation model for the three mass movement types. The MAD of the strain rates on the stable grounds are in the order of 10 −4 for the glacier and rock glacier and 10 −3 for the landslide (Table 9 ). This means the values estimated for each deformation parameter in reality lies within the estimated value ± the MAD. The error values for rotation are somewhat higher in all cases. This might be an indication of a slight rotation of one of the images against the other. The error magnitudes are however below (at least one order of magnitude lower than) the estimated values of the deformation (rotation and strain rates) except that of the La Clapière landslide for which the computed strain rates are not significantly outside the error margin. These MAD values can even be optimistic as they are computed on non-deformed area, i.e., stable ground. 
Discussion
Computed Displacements and Deformations
Although no formal quantitative comparison is conducted, the velocities obtained for the mass movements using the LSM are in agreement with those obtained in other studies using similar and other methods. For example, similar velocities are registered for the same section of the Nigardsbreen glacier during the same period [32] . The average and maximum velocities of the Muragl rockglacier are similar to what is reported in [30] which is validated using different approaches, including ground measurements. The surface velocity data in [30] agrees well with that of borehole data [40] . The limited surface change during the 13 years period contributes to the success of optical image matching on this rockglacier, and rockglaciers in general. The spatial pattern of the La Clapière landslide velocity variation is in agreement with that computed by other studies, particularly [3] . The velocity magnitudes show a slight slowdown from earlier records (e.g., [33, 41] ). The decreased magnitudes are in agreement with the general observation of the slowdown of the landslide since the year 2000 (http://gravitaire.oca.eu/spip.php?rubrique15). Errors in the orthorectification and the presence of vegetation on the surface leading to radiometric noises imply the presence of blunders in the image matching.
Realistic values of longitudinal, transverse and shear strain rates together with rotation rate are also obtained. The technique computes strain rates at higher resolution than the conventional technique of computing them from velocity gradients after the matching. When computing strain rates of a template from the velocity gradients, two neighboring templates are used for each orthogonal dimension. Therefore, the computed negative total sum of strain rate is in a way averaged over neighboring templates. Additionally, such strain rates are simply measures of velocity changes between the central pixels of the neighboring templates especially when the NCC is used for the matching. Thus it can appear smoothed even before filtering. Changes in the size and shape of the masses are not directly computed as is done when using the LSM algorithm as presented here. As a result micro-scale deformations are detected with LSM.
The spatial patterns of the strain rates and elevation changes of the Muragl rockglacier, previously computed from velocity gradients by [8] , agree with those of the present study. The negative total of the horizontal strain rates of the present study ( Figure 7 ) agrees with Figure 3 of [8] . Notice that the symbols in the present study and [8] are inverses of each other and scaled differently. Areas of vertical compression (horizontal extension) in our study correspond with negative elevation changes presented in Figure 2 of [8] , indicating dynamic loss of mass from the vertically compressed areas. For the Nigardsbreen glacier, the negative sum of the horizontal strain rates shows that the glacier is dominantly extended vertically, which is in agreement with the thickening of the glacier as reported in [32] , and with the general ice compression in glacier ablation areas. High shear strain rate is registered at the margins of flow, especially where the moving glacier borders with stable ground. The deformation maps of the La Clapière landslide require cautious interpretation as more sources of error can influence the reliability compared to the other two mass movement types as discussed in the following section. Specifically, propagated orthorectification error and surface changes such as vegetation cover contribute to major blunders in the strain rate data. Computation of strain rates on its stable ground shows that the computed strain rates are not outside the error margin, i.e., not statistically significant.
On the Precision of the Algorithm and Sources of Error
The results of the study show that the LSM computes horizontal displacements in Earth surface mass movements with significantly higher precision (level of detail of measurement) and accuracy (truthiness of the estimated values) compared to the NCC. The mean precision of the LSM algorithm in locating the matching position is found to be between 0.06 and 0.15 pixel; whereas, the matching precision of NCC without sub-pixel extensions is generally ±0.5 pixel. In addition to the precision of matching, the accuracy of the computed displacements is also higher when computed using LSM than using NCC as evaluated on test images and stable grounds of the bi-temporal mass movement images. The better performance of the LSM is in agreement with theoretical claims and earlier findings in photogrammetry on image pairs of shorter temporal baselines [20, 21, 42] .
When computing deformation and displacement of mass movements from repeat images using a precise algorithm such as LSM, the sources of error are basically related to either the image (noise, orthorectification and co-registration) or the ground itself (deformation and temporal surface changes). Both major error sources can technically be grouped into three, i.e., geometric errors, radiometric errors and propagated sensor or processing errors. The possible sources that cause geometric error are: (1) the formation of crevasses or micro-topography, (2) the boundary effect where the velocity gradient between the moving body and the stable ground is so large that it creates outlying deformation parameter values, (3) vegetation cover can also create geometric change that is not actually ground deformation in addition to its contribution to intensity noise. Signal-(in fact the SNR-) related causes include the presence of shadows, surface changes, illumination differences, presence of dirt, vegetation cover, etc., that can lead to false and outlying convergence parameter values in the least squares iteration. Propagated errors can be attributed to the sensor or image preprocessing, such as orthorectification and co-registration. If the images are not perfectly orthorectified and co-registered, the geometric adjustment includes the mass deformation, sensor projective distortion and change of geometry between the two images [17, 43] .
Due to the high resolution of strain computation, the maps of the strain rates look noisy when visually observed, suggesting the application of noise filters. However, in the case of the strain rate maps, it might well be that high-resolution deformations actually are somewhat noisy due to real local deformation of the masses, such as from crevasse formation, or due to the error sources mentioned above. Filtering would lead to smoothing of the map. In so doing it affects both the realistic values and the blunders. The use of larger template sizes also leads to a more smoothed strain rate map. Recall that the criteria for the right template size in the NCC is the presence of adequate SNR and constant displacement within the template. In the LSM, constant displacement is not anymore a criteria but rather a constant displacement gradient, at least for the affine model. Thus, for very large templates, as the parameters of the transformation model are forced to be constant within the template, the computed strain rates visually look like as if they are filtered. Such smoothed or filtered strain rate map may be sufficient or even wanted for some geoscientific applications such as numerical models. However, the detailed variability may be needed for other current and future applications, and provide new insights into the mechanics of mass movements.
A better approach towards removing noises than filtering or the use of much larger template sizes would therefore be further restricting the least squares iteration process. Pixel-based constraining such as data snooping or template-based constraining such as raising convergence precision can be used [18, 21] . This would affect only the highly noisy (and maybe the highly deformed) templates, leaving the well-converging templates unaffected. An initial test shows that increasing the demanded precision of the parameter adjustment during the LSM iteration discards more templates, resulting in more data voids. However, the strong spatial variability is not substantially smoothed, implying that it stems from real strain rate variations.
Conclusions and Outlook
This study explored the possibility of automatically and simultaneously computing displacement, strain rates and rotation of Earth surface mass movements from repeat high resolution satellite and aerial optical images. The performance of least squares matching (LSM) with an affine geometric transformation model is evaluated in relation to that of the most widely used algorithm for such purposes, i.e., the normalized cross-correlation (NCC). Aerial and high spatial resolution satellite images over glacier flow, rockglacier creep and land sliding are used in the study covering three different types of mass movements and two different types of imaging systems.
The results of the study clarified that the LSM estimates the displacement of Earth surface masses with better precision and accuracy than the conventional NCC. Around 25% improvement in the SNR gain of image matching over that of the NCC is registered in real images reaching up to double in the case of the analytically deformed images. The improvements in the SNR gain lead to comparable improvements in the accuracy of the estimated displacement. Up to 35% reduction in the MAD of displacement by the LSM from that of the NCC is observed on the stable grounds of the mass movement images reaching up to 90% in the case of the simulated deformation. The exact magnitude obviously varies depending on the application scenario. The improvements are dependent on the level of noise in the images.
The study has also demonstrated the capability of the LSM in deriving surface strain rates and rotation rate simultaneously with the image matching process. This has the potential of replacing earlier approaches based on post-processing from displacement gradients. Additionally, the spatial density of deformation parameters measured, and thus the unprecedented level of detail of deformation fields obtained, might allow for new insights into the mechanics of the masses observed. The strain rate data obtained through such processes are found to be realistic when compared with data from different sources and when logically evaluated. The spatial transformation parameters from which the strain rates are derived are computed with precisions better than 10% of the measured values in all cases. However, evaluation of the accuracy (validity) of the rotation and strain rates on the stable grounds of the mass movement images shows that the accuracy is dependent on the mass movement type, i.e., image and ground characteristics. The MAD is as low as 10 −4 for the rockglacier and the glacier (one order of magnitude smaller than the computed average strain rates, i.e., 10% as well). For the landslide, the computed strain rates do not exceed their error margins. The capability of deriving surface strains from images through the LSM algorithm advances the application of image matching in mass movement analysis. Once strain is reliably computed from repeat images automatically through image matching, the stress exerted on the masses can also be computed using the stress-strain relationship for the specific type of mass under investigation. This is very important in early warning related to slope instabilities and failures, and in understanding terrain kinematics, and potentially dynamics, in high mountain areas. Nevertheless, validation of the computed strain under different conditions and possibility of extending to the computation of stress requires further research.
The algorithm is computationally expensive as it involves iteration for each template. The ever improving computer processor speeds coupled with smarter computational approaches can deal with this limitation. Initial tests indicate that the algorithm is very sensitive to noises in the images. More work is thus needed to define the sensitivity and applicability range of the LSM approach for repeat images of lower resolution, of more strongly deforming masses, and with longer temporal baselines.
